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A PANEL MODEL OF CRIME RATES AND ARREST RATES* 
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In this paper, panel models for crime rates and arrest rates are utilized to separate the effect of 
law enforcement from several other processes that have been advanced as possible 
determinants of an enforcement-crime relationship. When models of this type are estimated for 
official index crime rates in a sample of U.S. cities for the years 1964-1970, no meaningful 
relationship between arrest rates and crime rates is found. This finding permits us to exclude the 


existence of any appreciable deterrence effect. 


A decade ago, research interest in crime 
deterrence was revived by two studies 
that reported significant negative relation- 
ships between geographically aggregated 
crime rates for some index offenses and 
measures of the certainty and severity of 
imprisonment (Gibbs, 1968; Tittle, 1969). 
Since then numerous investigators have 
continued to interpret correlations be- 
tween crime rates and various measures of 
law enforcement activity as evidence for 
the existence of a deterrent effect.! It is 
equally plausible, however, that these 
correlations reflect the effect of crime 
rates on law enforcement, or the effect of 
other variables on both rates. 


* Direct all communications to: David F. 
Greenberg; Department of Sociology; New York 
University; New York, NY 10003. 
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Sheets, Walt Harrison and Andrew Rollings in car- 
rying out the computations. Howard Erlanger, 
Franklin Fisher and Daniel Nagin supplied helpful 
comments on an earlier draft. We thank the Uniform 
Crime Reporting Division of the F.B.I. for supplying 
data on arrest rates and crime rates to Charles 
Logan. We are also grateful to the F.B.I. for refusing 
to give David Greenberg the same data, thereby 
making this collaboration possible. We wish to note 
with concern, however, the danger to scholarly in- 
quiry posed by this sort of selectivity in the release of 
data by government agencies. Part of this research 
was funded by a grant from the Russell Sage Foun- 
dation to David Greenberg. Support was also re- 
ceived under Grant No. 79—-NI—-AX-—0054 from the 
National Institute of Law Enforcement and Criminal 
Justice. Points of view are those of the authors and 
do not necessarily reflect the position of the U.S. 
Department of Justice. 

! For a recent review of this voluminous literature 
see Nagin (1978). 


The impact of crime on enforcement 
practices can come about in at least two 
ways. (1) Higher crime rates could tend to 
saturate crime control capabilities that are 
fixed in the short run. Thus when crime 
rates increase, police resources may be 
stretched thin, reducing the probability of 
an arrest following an offense. When the 
number of arrests increases, prosecutors 
and judges faced with larger caseloads 
may dismiss more cases and accept plea 
bargains more favorable to the defendant. 
If the number of commitments to prison 
leads to overcrowded prisons, parole au- 
thorities may release prisoners earlier 
than usual, reducing the average length of 
sentence served in prison. (2) Crime rates 
could influence enforcement through their 
effect on attitudes toward crime. It is 
possible that high crime rates create 
habituation to crime and hence lower 
penalties; on the other hand, high crime 
rates might tend to increase public fear of 
crime and thus lead to more punitive or 
efficient enforcement measures. 

It is important to note that these two 
potential effects of crime on enforcement 
differ not only in the time span over which 
they are likely to be felt but, more impor- 
tantly, in their signs as well. The satura- 
tion effect, which will tend to reduce en- 
forcement efficiency as crime increases, 
will be felt almost at once, while the influ- 
ence of the crime rate on public demand 
for punishment could tend to increase 
enforcement efficiency as crime rates rise. 
However, this effect will not be felt im- 
mediately, but will lag behind the crime 
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rate, both because public recognition gen- 
erally lags behind ‘‘objective’’ indicators 
of social problems, and because it usually 
takes time for public concern to be trans- 
lated into enforcement policy. 

As for the impact of enforcement prac- 
tices on crime, the period of time over 
which the influence is expected is uncer- 
tain. The deterrent, restraining, re- 
habilitative and stigmatizing effects of 
enforcement could all occur on both a 
short-term and long-term basis. Here, 
however, there is less reason to expect 
these effects to be of opposite sign. 


Alternative Methods of Estimating 
Reciprocal Influences 


All but a handful of studies of the effect 
of law enforcement on crime have em- 
ployed cross-sectional designs; the more 
sophisticated of these studies have used 
simultaneous equation methods for 
separating the effect of crime on punish- 
ment from the effect of punishment on 
crime (Ehrlich, 1973; Greenwood and 
Wadycki, 1973; Mathiesen and Passell, 
1976; Orsagh, 1973). However, in these 
analyses, lagged effects are absorbed into 
later measures of enforcement and crime. 
If these effects are of opposite sign, as we 
have suggested the effect of crime on en- 
forcement is expected to be, they will tend 
to cancel and lead to an underestimation 
of the influence of crime on enforcement. 
To avoid this possible source of bias, a 
model of the effects of crime on enforce- 
ment must include both short-term and 
long-term effects. 

A second difficulty is also inherent in 
this approach. To separate the two influ- 
ences of the rates from one another, we 
must include some outside predictor vari- 
ables in the model and use them as in- 
struments, by fixing a priori the partial 
regression coefficients of the predictors 
with the criterion score at some 
prespecified value.* However, this proce- 


2 In practice this is usually done by assuming that 
some demographic, socioeconomic or political vari- 
ables are causes of punishment, but do not affect 
crime either directly or indirectly (except through 
their influence on punishment). The assumption that 
a given exogenous variable has an effect of specified 
magnitude on the crime rate (including zero effect) 
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dure is highly sensitive to misspecifica- 
tion; should these identification restric- 
tions be in error, the estimation of effects 
will again be biased, perhaps grossly 
(Fisher and Nagin, 1978; Greenberg, 
1977). 

A second approach to the disentangling 
of reciprocal effects has been to analyze 
time series data for crime rates, enforce- 
ment variables, and a variety of additional 
variables assumed not to be influenced by 
crime rates or arrest rates, for a single unit 
of analysis, usually the entire nation 
(Votey and Phillips, 1974; Ehrlich, 1975; 
Land and Felson, 1976). This approach 
allows explicit consideration of both 
short-term and long-term effects, both of 
crime on enforcement and of enforcement 
on crime, and is therefore superior to 
cross-sectional analysis. Yet, since it is 
still necessary to make use of instrumental 
variables to obtain a unique solution, pa- 
rameter estimates are subject to the same 
possible source of bias as estimates de- 
rived from cross-sectional analyses. 

A third approach to the problem of re- 
ciprocal effects, which we extend below, 
is the use of panel models. Here data are 
collected for a number of spatially distrib- 
uted units (e.g., cities, states) at more than 
one time, and the reciprocal short-term 
and long-term effects of crime and en- 
forcement estimated. Thus far, all panel 
studies of crime rates have involved only 
two waves of data (Tittle and Rowe, 1974; 
Logan, 1975; Pontell, 1978). With this 
limited amount of data, however, the util- 
ity of panel models is restricted, for it is 
necessary to impose identification restric- 
tions that are hardly less implausible than 
those required in cross-sectional and 
time-series models? (Duncan, 1969). 


should be made on the basis of prior knowledge 
concerning the causes of crime. Yet this knowledge 
is still primitive and uncertain. Thus any conclusions 
derived on the basis of such restrictions must be 
regarded with caution. Nagin (1978) and Fisher and 
Nagin (1978) have argued on the basis of their review 
of the literature that the restrictions which have been 
used to achieve identifiability are in many instances 
quite implausible. 

3 For example, in an analysis of city crime and 
arrest rates in Florida for 1971 and 1972, Tittle and 
Rowe (1974) estimate two-wave panel models which 
assume that cross-instantaneous effects vanish. 
Logan (1975), analyzing state index offense and ar- 
rest data for the years 1964-1968, also uses two- 
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@ Lower case letters represent standardized regression coefficients and correlations among residuals. 
Figure 1. Three Wave, Two-Variable Panel Model for Crime Rates and Clearance Rates? 


A multi-wave panel model. In view of 
the uncertainty surrounding the assump- 
tions necessary to identify the models 
reviewed above, the development of al- 
ternative methods of analysis seems war- 
ranted. Here we explore an approach that 
we regard as particularly promising—the 
use of multiwave panel models which im- 
pose assumptions about the consistency 
of effects rather than assume that certain 
effects have given values. This method 
permits the data to play a larger role in the 
analysis, and therefore seems preferable 
to methods that require stronger assump- 
tions, given the limitations in our knowl- 
edge of crime causation and the duration 
of causal effects. 

The basic ideas of the consistency pro- 
cedure can be seen in Figure 1, which 
illustrates a three-wave, two-variable 
panel model. In this model, the per capita 
crime rate (C) at time t is assumed to de- 


wave models, and studies various specifications. In 
one of these, lagged effects are assumed zero; in 
another, only instantaneous effects of crime and only 
lagged effects of arrest are assumed; in a third, 
lagged effects of crime are assumed zero and distur- 
bance terms are assumed uncorrelated. Although 
there is good overall consistency among the esti- 
mates obtained on the basis of these various specifi- 
cations, the results depend on the untested assump- 
tions of the various models. 


pend linearly on the crime rate at time 
t—1, and on the arrest clearance rate (A) 
at times t and t—1. Similarly, the current 
clearance rate at time t is assumed to de- 
pend linearly on the clearance rate at time 
t—1, and on the crime rates at times t and 
t—1. Thus the model includes both lagged 
and instantaneous reciprocal influences 
between the crime rate and the clearance 
rate. The relationship between the crime 
rate and the clearance rate at time 1 is 
taken into account but is not subjected to 
causal analysis. Explicit allowance is 
made for the possibility that the residuals 
for the crime rate and clearance rate at 
time t (U;, and V;, respectively) are corre- 
lated. 

Given our present state of knowledge, a 
model of this type seems highly plausible. 
The effect of arrests on crime should per- 
sist no more than a few years, since ra- 
tional criminals will attend to recent police 
performance in evaluating their chances of 
arrest. Similarly, the effect of crime on 
arrests should not last longer than a few 
years, since increased efficiency mea- 
sures, to the extent that they are influ- 
enced by earlier concern with increasing 
criminal activity, will probably be respon- 
sive to short-term rather than long-term 
concerns. 

The constraints in the model consist of 
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the assumptions that the autoregressive 
and cross-coefficients linking the vari- 
ables between times 2 and 3 are equal to 
those between times 1 and 2 (in the nota- 
tion of Figure 1, a,;= a,, b; = be, etc.). A 
similar assumption is implied whenever an 
equation estimated for one time period is 
used to predict a crime rate or an arrest 
rate at a later period. With the assumption 
that these coefficients remain constant, 
this particular model is overidentified with 
6 degrees of freedom, and each of the pa- 
rameters is individually identified or 
overidentified. 

A major advantage of this specification 
over those reviewed above is that it allows 
the data to play a larger role in estimation. 
Apart from our assumption that variables 
at time 1 do not influence those at time 3, 
we do not fix any of the main parameters 
to prespecified values, but rather make 
the assumption that the coefficients, 
whatever they are, remain constant over 
time.* In addition, the constrained models 
give us a good deal of flexibility in respeci- 
fication. For instance, it is possible to 
relax the assumption of constant autore- 
gressive effect (a, = a:, b; = b, in Figure 1) 
and the assumption that time 1 rates have 
no direct effects on time 3 rates and still 
just identify the model as a whole. Finally, 
by introducing more waves of data, it is 
possible to relax some of the constraints, 
thus permitting a partial test of these as- 
sumptions. Since we had seven waves of 
data (for the years 1964—1970) available, 
we were able to take advantage of this 
flexibility in our analysis. 


Data and Procedures 


Data. Our analysis of the relationship 
between crime rates and clearance rates is 


4 For a number of our specifications, we estimated 
models utilizing both unstandardized (metric) and 
standardized variables. The first set of models could 
not fit the data, while the latter set provided good 
fits. We are not completely certain of the reason for 
this, but suspect that it is a consequence of trends in 
the data. Over the years 1964-1970, reported crime 
rates rose steadily (e.g., total index offenses in- 
creased by 101%) while clearance rates experienced 
no comparable trend. Under this circumstance, a 
model that assumes constant metric coefficients 
would not be expected to provide a good fit; on the 
other hand, a model based on standardized variables 
avoids this difficulty by effectively detrending the 
data. 
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based on reported index offense rates and 
arrest clearance rates for 98 U.S. cities for 
the years 1964-1970. Two cities were 
dropped because of missing data from an 
original sample of 100 cities drawn by a 
proportional stratified random procedure 
from the total universe of cities with a 
population over 25,000 for which the 
F.B.I. had crime and arrest data. The 1970 
edition of the F.B.I.’s Uniform Crime Re- 
ports indicates that the universe from 
which our sample was drawn represents 
over 90% of the urban population of the 
US. 

Data on population size, number of 
offenses known to police, and number of 
crimes cleared by arrest were supplied by 
the F.B.I. for each of the cities for each 
year from 1964 to 1970, for each of the 
seven index felonies. For each city, year 
and felony, crime rate was defined to be 
the number of offenses known to police 
for that year divided by the population 
estimate for that year; and clearance rate 
was defined as the ratio of offenses 
cleared by arrest to the number of of- 
fenses known to the police for that felony 
and that year. 

Procedures. Although theoretical con- 
siderations suggest that lagged causal ef- 
fects may exist, theory does not tell us 
precisely how long a lag to expect. Conse- 
quently we examined models with lags of 
one, two and three years. In models with 
one-year lags, correlations among the 
crime rates for consecutive years were so 
high that the correlation matrix could not 
be inverted. Under this circumstance, it is 
not possible to solve for the individual 
regression coefficients. Substantively, 
this means that too little change in the 
rates occurs over the period of a single 
year for us to detect accurately the impact 


5 Uniform Crime Reports lists cities for which 
crime rate data are reported according to four strata 
by population size: 25,000—50,000; 50,000—100,000; 
100,000-—250,000; and over 250,000. Using the list of 
cities in the 1968 edition of Uniform Crime Reports, 
we randomly selected 53, 29, 11 and seven cities 
from each of these strata, respectively. Those num- 
bers are proportional to the number of cities in each 
stratum of the Uniform Crime Report's list of cities. 
They were drawn to total 100, because that is the 
number of cities for which the F.B.I. indicated a 
willingness to supply arrest data. 


This content downloaded from 204.235.148.92 on Tue, 12 Jan 2016 15:21:01 UTC 
All use subject to JSTOR Terms and Conditions 


CRIME RATES AND ARREST RATES 


of a predictor on this change. Thus, if 
there are lagged effects of any substantial 
magnitude, they must involve lags of more 
than one year. When a time lag of two 
years was employed, the correlations, 
though still high, were no longer too high 
to permit matrix inversion. Changes in 
rates over a two-year period were more 
substantial, and consequently more dis- 
cernible. Models with three-year lags 
yielded results that were similar to those 
with two-year lags, and are not reported 
here. 

With the exception of the crime rate and 
clearance rate at time 1, no exogenous 
variables are explicitly introduced into 
any of these models. In order to deal with 
the problem of misspecification and spuri- 
ousness, it would have been preferable to 
have had such controls, but thus far we 
have been unable to develop adequate 
data of this type. We note, however, that 
the problem of bias resulting from the 
omission of exogenous variables should 
be less serious in a panel model than ina 
cross-sectional analysis, as earlier values 
of C and A are controlled, and this will 
partly control for the effect of exogenous 
causes of C and A.°® 

A series of specifications, all general- 
izations of Figure 1, were estimated. The 
best fit was obtained by a four-wave 
model (1964, 1966, 1968, 1970) in which 
the standardized crime and clearance 
rates at time t were assumed to depend 
linearly on one another at times t and t—1, 


6 The two-variable model will provide unbiased 
estimates in the face of exogenous causes of C and A 
when the exogenous variables have created a spatial 
distribution of crime rates and arrest rates but no 
longer influence those rates; and also when the effect 
of the exogenous variables persists provided that 
lagged cross effects vanish beyond a certain point 
and the exogenous variables remain constant in time. 
In the latter case, the panel model effectively con- 
trols for omitted exogenous variables even if it is not 
known what they are or exactly how they influence 
the dependent variables. Since most of the variables 
that are expected to influence crime rates and clear- 
ance rates (e.g., demographic, socioeconomic, 
political and cultural variables) do not change much 
from one year to the next, we believe the assumption 
of constancy should be fairly safe so long as the data 
are collected over a limited time span. For a com- 
plete discussion of issues related to the question of 
bias in this model, see Greenberg and Kessler 
(forthcoming). 
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and all autoregressive coefficients were 
treated as free parameters. Cross- 
coefficients linking time 4 with time 3 
were constrained to equal those linking 
time 3 with time 2, but no constraints were 
imposed on the coefficients linking times 1 
and 2. This procedure permits a partial 
test of the assumption that coefficients 
remain constant over time. The coeffi- 
cients representing instantaneous influ- 
ences were all constrained to remain con- 
stant; serial correlation among error terms 
was assumed to be absent, but correla- 
tions among contemporaneous error terms 
were estimated.’ 

Results. We used LISREL III (Joreskog 
and Sorbom, 1975) to estimate all the 
models discussed below. This procedure 
provides maximum-likelihood estimates 
of regression coefficients in overidentified 
models and also has an option for impos- 
ing the constraints that characterize the 
models. The fit of a model to the observed 
data is evaluated by comparing the ob- 
served matrix of correlations among the 
crime and clearance rates with the matrix 
predicted by the model using the param- 
eter estimates generated by the 
maximum-likelihood procedure. This 
evaluation was done both by inspection 
and by use of an appropriate chi-square 
goodness-of-fit test statistic with degrees 
of freedom equal to the number of over- 
identifying restrictions in the model. 

We estimated eight applications of this 
model, one for each of the seven index 
offenses and one for total index crime. In 
only one instance (rape) was there a 
Statistically significant difference between 
the observed and predicted correlation 
matrices at the 0.05 level (for the other 
categories, the probability of obtaining a 
discrepancy as large as the one observed 
ranged from p>0.50 for total offenses to 
p > 0.95 for burglary), and here the sub- 


’ Our estimates would be biased in the presence of 
serially correlated errors. To check that this was not 
a problem, we made use of the fact that our models 
can be identified in the presence of first order serially 
correlated errors using only time | variables as in- 
struments. We found that the parameter estimates 
obtained for total offenses by this procedure differed 
only in the third decimal place from those obtained 
on the basis of the assumption that serial correlation 
of errors is absent. 
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Table 1. Parameter Estimates? for Panel Model for F.B.I. Index Offenses? (N=98) 
Offense 
Aggravated Grand Auto 
Coefficient Murder Rape Assault Robbery Burglary Larceny Theft Total 
1. A~C 
A,C, — ,033 .058 — .034 — .025 — .005 .078 — .013 121 
A,C3;=A3C, — .122 .026 — .113* — .002 — .014 .064 O15 AS1 
A.C, .380* — .069 129 — .068 — .056 — 115 — .082 — .260 
2.C-A 
C,A, .508 .004 — ,398 — .375 .442 .053 — 1.528 185 
C,As=CsA, —.313 — .063 — .338 — .393 418 130 — 1.439 177 
C.Ay — .415 — .002 598 241 — .578 ~ 211 1.510 — .283 
3. CA 
C,A, .537* .309* — .119 — .098 — .255* — .451* — .456* — .346* 
U,V; .279 235 — .330 — .021 .091 123 — .218 195 
ULV. 151 .166 — .421 025 101 .006 — .265 136 
U2V3 .094 .140 — 567 — .062 221 .041 — .174 .178 
Xe 3.17 12.61 3.43 Zee 1.24 3.60 3.40 4.57 
Probability 
Level 75 .025 75 ey 975 50 75 .50 


4 X,Y, denotes the standardized regression coefficient for the causal effect of variable X at time i on 
variable at time j. The 95% confidence limits for starred coefficients do not include zero. 


> See text for description of the model. 


Stantive discrepancy between the two 
matrices was quite small, with a mean 
absolute discrepancy between elements of 
only 0.02 and only two discrepancies 
larger in magnitude than 0.10. In light of 
this correspondence, we interpreted the 
parameters estimated by this model for all 
eight crime categories. 

Table 1 presents the parameter esti- 
mates for the eight versions of this model, 
one for each index offense and one for 
total crime. The results are presented in 
three panels, corresponding to (1) the ef- 
fects of arrest on crime, (2) the effects of 
crime on arrest, and (3) unanalyzed 
cross-sectional relationships.* These are 
discussed in turn. 

Panel 1 provides information about the 
impact of arrest rates on crime. Of the 24 
coefficients, only two have 95% confi- 
dence limits that do not include zero. The 
only lagged coefficient that is significantly 
negative occurs for assault, but it is quite 
small in magnitude (—.113) and is not 
stable over time; the only instantaneous 
coefficient whose 95% confidence limits 
do not include zero is the coefficient for 
homicide, and it is positive, though only 
moderate in size (0.38). 


8 As the estimates of stability parameters are of 
less interest they are not presented here, but will be 
furnished by the authors upon request. 


The second panel provides evidence 
concerning the effect of crime on arrests. 
Coefficients for the instantaneous and 
lagged effect of crime on arrests are mod- 
erate to substantial for all offenses but 
rape. In the case of murder, burglary, lar- 
ceny, and total offenses the instantaneous 
effects are negative, while for assault, 
robbery and auto theft they are positive. 
However, the standard errors for these 
coefficients are large (in general, standard 
errors for the clearance rates are larger 
than those for the crime rates), and none 
of the coefficients achieves statistical 
significance at the 0.05 level. 

Finally, panel 3 shows the cross- 
sectional exogenous correlations among 
the crime and arrest rates at time 1 for 
each offense, and the cross-sectional cor- 
relations among the error terms for the 
offenses. Examining the former, we see 
that six of the eight correlations are statis- 
tically significant; those for murder and 
rape are positive, while those for burglary, 
larceny, auto theft and total offenses are 
negative. In a cross-sectional bivariate 
analysis these correlations would have 
been taken as evidence of the effect of 
arrests on crime, an interpretation which 
our results call into question. 

The correlations among the residual 
error terms tell us how well our model has 
done in accounting for the cross-sectional 
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correlation over each of the subsequent 
time points of the panel. These correla- 
tions measure the influence of exogenous 
variables on both rates. If the correlated 
error terms were comparable to the 
exogenous cross-sectional correlations, it 
would indicate that the cross-sectional 
correlations are primarily due to uncon- 
sidered exogenous variables. This is only 
partly the case in our data. With the ex- 
ception of assault, the correlated error 
terms are smaller than the exogenous cor- 
relations, though in some instances not 
entirely negligible. However, none of 
these correlations is statistically signifi- 
cant. Taking this finding, together with the 
absence of evidence for substantial 
cross-effects between crime rates and 
clearance rates, we see that much of the 
cross-sectional correlations are due to the 
internal stabilities of the rates themselves, 
and the initial correlations among these 
rates, which have not been analyzed. In 
our data, then, initial correlations brought 
about by historical forces that no longer 
operate, together with the natural changes 
in the rates themselves and the effects of 
omitted exogenous variables (e.g., socio- 
economic and demographic variables), 
account for the major part of the cross- 
sectional correlations at later points in 
time. The reciprocal influences of crime 
on arrests and arrests on crime are neg- 
ligible by comparison. 

On the basis of these findings we esti- 
mated a model in which all autoregressive 
effects were estimated, but all cross ef- 
fects were fixed at zero. The probability 
that the discrepancies found between ob- 
served and expected correlations could 
have arisen by chance was greater than 
0.20 for homicide, assault and auto theft; 
greater than 0.30 for rape and robbery; 
greater than 0.50 for total offenses; greater 
than 0.70 for burglary; and greater than 
0.80 for larceny. On the basis of this test 
and the tests for the individual parameters 
in Table 1, we conclude that none of the 
cross effects in our original model is sig- 
nificantly different from zero. Aggregate 
criminal activity for the F.B.I. index of- 
fenses is not substantially influenced by 
marginal variations in arrest clearance 
rates within the range found in our sample 
of American cities. 
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Discussion 

Although our finding that arrest rates 
have no measurable effect on reported 
crime rates is contrary to the deterrence 
hypothesis, there are a number of ways to 
interpret our findings consistent with the 
deterrence doctrine. One possible expla- 
nation lies in the interdependency of 
criminal justice sanctions. Arrest is not a 
‘‘pure’’ sanction; an individual who is ar- 
rested faces a stochastic distribution of 
dispositions ranging from dismissal of 
charges to conviction and imprisonment 
and, for some offenses, execution. If pros- 
ecutorial and judicial agencies respond 
with greater leniency to the caseload pres- 
sures generated by higher arrest rates, or 
if higher arrest rates are achieved by ar- 
resting suspects on the basis of weak evi- 
dence that will not stand up in court—with 
more dismissals as the consequence—the 
net effect could be to nullify any crime 
prevention effect due to arrests alone. 

Another possible explanation for this 
seeming insensitivity of crime rates to 
changes in the clearance rate is that pro- 
spective offenders are for the most part 
ignorant about marginal changes in the 
probability of being arrested after in- 
volvement in an offense. Unless infor- 
mation about sanctions is communicated 
to potential offenders, variation in sanc- 
tions cannot be expected to deter (though 
it may influence crime rates in other ways, 
such as through incapacitation, if sanc- 
tions entail incarceration). 

It is also conceivable that for some of- 
fenses, the consequences of an arrest for 
most of those arrested are not sufficiently 
serious to make an arrest an effective 
sanction; or that the stigmatizing effects of 
an arrest nullify any crime-prevention ef- 
fects. 

The cross-sectional correlations be- 
tween clearance rates and crime rates in 
our data are comparable to those reported 
in the studies of crime rates that have ap- 
peared over the last decade (Tittle and 
Rowe, 1974; Logan, 1975; Brown, 1978). 
We therefore conclude that these studies, 
which have been interpreted as lending 
support to the deterrence doctrine, do not 
do so. Our analysis strongly suggests that 
the correlations interpreted in these 
studies as evidence of crime deterrence 
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may in fact have been spurious. Only 
through the use of statistical procedures 
that are capable of disentangling the var- 
ious causal effects that are expected on 
theoretical grounds to link crime rates and 
punishment levels is it possible to draw 
inferences about the effect of punishment 
on crime. Previous studies of crime rates 
have failed to do this.? 
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